The view that the returns to public educational investments are highest for early childhood interventions stems primarily from several influential randomized trials -Abecedarian, Perry, and the Early Training Project -that point to super-normal returns to preschool interventions. This paper implements a unified statistical framework to present a de novo analysis of these experiments, focusing on core issues that have received little attention in previous analyses: treatment effect heterogeneity by gender, overrejection of the null hypothesis due to multiple inference, and robustness of the findings to attrition and deviations from the experimental protocol. The primary finding of this reanalysis is that girls garnered substantial short-and long-term benefits from the interventions, particularly in the domain of total years of education. However, there were no significant long-term benefits for boys. These conclusions change little when allowance is made for attrition and possible violations of random assignment. * I thank my advisors,
Introduction
The education literature contains dozens of papers showing inconsistent or negligible returns to publicly funded human capital investments (Hanushek, 1996) . In contrast to these studies, several randomized preschool experiments report striking increases in short-term IQ scores and long-term outcomes for treated children (Schweinhart, et al., 2005; Campbell, et al. 2002; Gray, Ramsey, and Klaus 1982) . These results have been highly influential and are frequently cited as proof of efficacy for many types of early interventions (for example, Cunha, et al., 2005) . They have contributed to a widespread perception that the Head Start program -one of the centerpieces of American education policy -is effective and encouraged further research on preschool programs (Currie, 2001) . The experiments underlie the growing movement for universal pre-kindergarten education (Kirp, 2005) . They also play an important role in the debate over the optimal pattern of human capital investments, with all parties agreeing that early education is a crucial component of human capital policy (Krueger, 2003; Carneiro and Heckman, 2003) . This paper focuses on three prominent preschool evaluations: the Abecedarian Project, the Perry Preschool Program, and the Early Training Project. Beginning as early as 1962, these programs targeted disadvantaged African-Americans in North Carolina, Michigan, and Tennessee respectively. These projects stand out from others because they implement a random assignment research design -participants were randomly assigned to treatment (preschool) or control groups. 1 This randomization overcomes the problem of confounding that affects many observational studies. 2 Following the initial group assignment, treated children in each experiment received several years of preschool education (intensity differed across programs). Intervention continued until treated children began regular schooling. After that point, further intervention was limited to data collection. 3 Children in both treatment and control groups received a series of standardized tests, beginning before age five and lasting through their teenage years. Researchers also conducted subject interviews and examined school and 1 Two other preschool evaluations utilizing a random assignment research design exist. They are the Houston Parent-Child Development Center and the Milwaukee Project. Houston PCDC did not collect data on later life outcomes and experienced high rates of attrition. Milwaukee Project used extraordinarily small samples and suffered from a scandal involving one of its primary researchers.
2 If parents are allowed to select whether their children receive an intervention, it is likely that the children receiving the intervention will differ in important ways from the children who do not receive it. In the context of preschool education, economists typically assume that children who attend preschool come from families that are more affluent or place a higher priority on education. Observational studies can therefore be misleading because factors other than preschool intervention may confound the results. In the context of Head Start, Currie and Thomas (1995) and Garces, Thomas, and Currie (2002) address the issue by including mother fixed effects when estimating the effect of the Head Start program on early and later life outcomes.
3 One notable exception occurred. As discussed in Section (2), some treated Abecedarian children also received a schooling age treatment for several years. government records to collect long-term follow-up data on academic, social, and economic outcomes.
Like all experiments, notable deviations from the intended protocol occurred in each study. In two experiments, attrition materialized before preschool treatment and during the collection of follow-up data.
As a result, the initial randomization in treatment status was effectively contaminated. Logistical concerns in the Perry Preschool Program also prompted the reassignment of select children between treatment and control groups, further perturbing the randomization.
In addition to the departures from experimental protocol, serious statistical inference problems affect these studies. The experimental samples are very small, ranging from approximately 60 to 120. Statistical power is therefore limited, and the results of conventional tests based on asymptotic theory may be misleading. Furthermore, the large number of measured outcomes raises concerns about multiple inference: significant coefficients may emerge simply by chance, even if there are no treatment effects. 4 All of these issues -combined with a puzzling pattern of results in which early test score gains disappear within a few years and are followed a decade later by significant effects on adult outcomes -have created serious doubts about the validity of the experiments. This paper has three related objectives. First, it implements a unified statistical framework to directly address concerns about sample size and multiple testing. Second, it simultaneously examines all three studies to detect common trends in treatment effects that may be masked by small samples. Finally, it performs a detailed analysis of potential threats to validity, including attrition, violation of random assignment, and clustering. 5 The paper is organized as follows. Section (2) describes the data and specific details regarding each program's experimental design. Section (3) sets out the statistical framework and briefly discusses possible complications. 6 Section (4) presents results organized by outcome stage: pre-teen, teenage, and adult. Section (5) summarizes the main results and discusses possible explanations for the observed causal effects.
Section (6) concludes. The results demonstrate that preschool intervention has significant effects on later life outcomes for females, including academic achievement, economic outcomes, criminal behavior, drug use, and marriage. The effect on total years of education is particularly strong. However, while treatment effects are sizable for females, they are minimal or nonexistent for males -a fact relevant to the design of optimal 4 Both Currie and Thomas (1995) and Krueger (2003) cite these inference problems as primary reasons to doubt the validity of the experimental results. 5 To my knowledge, I am the first independent researcher to analyze the micro data for all three programs. 6 The complications are addressed in detail in Appendix A.
human capital policy. A thorough analysis of threats to validity, conducted in Appendix A, concludes that the main results are unaffected by reasonable assumptions regarding attrition, violation of random assignment, and clustering.
2 Experimental Background and Data Description
The Abecedarian Project
The Abecedarian Project recruited and treated four cohorts of children in the Chapel Hill, North Carolina area from 1972 to 1977. Children were randomly assigned to treated and control groups. 7 The treated children entered the program very early (mean age, 4.4 months). They attended a preschool center for eight hours per day, five days per week, 50 weeks per year until reaching schooling age. The program focused on developing cognitive, language, and social skills. Children in the control group received iron fortified formula, free diapers, and supportive social services when appropriate (Campbell and Ramey, 1994) . Of the three preschool projects, Abecedarian was the most intensive.
The Abecedarian dataset contains 111 children. Researchers recruited 122 subjects, but 11 families declined or could not participate. Of the remaining 111 infants, 57 were assigned to the treatment group and 54 to the control group. Data collection began immediately and has continued -with gaps -through age 21.
Researchers gathered data from three primary sources: interviews with subjects and parents, program administered tests, and school records. Children received IQ tests on an annual basis from ages two through eight, and then once at age twelve and once at age fifteen. 8 Other standardized tests were also administered, but I focus on IQ scores for comparability across programs. 9 Researchers collected information on grade retention and special education at ages twelve and fifteen from school records. Data on high school graduation, college attendance, employment status, pregnancy, and criminal behavior come from an age 21
interview. Follow-up attrition rates are low for most outcomes, ranging from three to six percent in general. 7 In fact, the experiment used a slightly more complex 4-way design. Children were assigned to one of four groups: preschool treated, preschool and schooling age treated, schooling age treated, and untreated. The schooling age treatment is potentially relevant: Currie and Thomas (2000) present evidence that higher quality primary schools enhance the long-term effects of Head Start. However, in this case the schooling age treatment -which included supplemental educational activities and biweekly home visits for three years -had a negligible effect, perhaps because it was not very intensive. It is therefore ignored for the purposes of this analysis. See Campbell and Ramey (1994) for further details.
8 Instead of receiving IQ tests at ages six and seven, a single IQ test was administered at age 6.5. 9 In the externally available Abecedarian dataset, test scores outside the 5th and 95th percentiles are truncated to the 2nd and 98th percentiles. Thus the mean IQ scores reported here differ slightly from the IQ scores in the previous Abecedarian literature.
The Perry Preschool Program
The Perry Preschool Program recruited and treated children in Ypsilanti, Michigan from 1962 to 1967.
Children were randomly assigned to treated and control groups. 10 Treated children entered the program at age three and remained in it for two years. 11 The program implemented the ideas of Jean Piaget and focused on language skills, socialization, numbers, space, and time. Classes were based around activities, and teachers used conversations to help children reflect upon what they did. Children attended the program five mornings per week from October through May. Treated children also received one 90 minute home visit per week. Untreated children were interviewed for data collection, but received no other services. 12 Perry researchers recruited 128 subjects in five waves. Following random assignment within each wave, pairs of children with similar IQ scores were swapped between treatment and control groups to equalize socioeconomic status and sex ratios across the two groups. A few children with working mothers were switched from the treatment group to the control group; this issue is addressed in Appendix A. Four children in the treatment group moved away before completing preschool, and one child in the control group died.
Ultimately, the treatment group contained 58 children and the control group 65, for a total sample of 123.
Researchers gathered data from four primary sources: interviews with subjects and parents, program administered tests, school records, and criminal records. IQ tests were administered on an annual basis from entry until age ten, and once more at age fourteen. Information on special education, grade retention, and graduation status was collected from school records. Arrest records were obtained from the relevant authorities, supplemented with interview data on criminal behavior. Economic outcome data come primarily from interviews conducted at ages 19, 27, and 40. Follow-up attrition rates for most variables are generally low, ranging between zero to ten percent.
The Early Training Project
The Early Training Project occurred in Murfreesboro, Tennessee from 1962 to 1964. Two waves of three to four year old children were randomly assigned to treated and control groups. The treated children attended preschool for ten weeks during the summer, four hours per day. The program continued until the beginning 10 The published Perry literature claims that children were matched in pairs based on initial IQ scores. One child from each pair was assigned to treatment, and the other to control. However, there is no record of the original pairing. I therefore conduct the analysis as if there were no matching of this type. If this assumption is violated, the estimated standard errors will be more conservative than necessary.
11 One wave entered at age four and received treatment for only one year. 12 This description is drawn mainly from Schweinhart, et al. (2005) . Please see that reference for further details.
of school, for a total of two to three summers of preschool. Children received positive reinforcement in the classes and participated in activities focusing on motivation, persistence, and postponement of gratification.
Treated children also received one 90 minute home visit per week for the duration of the program. 13 Control children received no treatment beyond interviews for data collection.
The Early Training Project initially gathered data on 92 children. Four children were disqualified for various reasons, leaving 88. 14 The Early Training Project differs from the other two experiments in its construction of the control group. Specifically, the study's control group consists of two distinct subsets: a local control group and a distal control group. Of the 88 children in the study, 61 lived in the town of Murfreesboro, and 27 lived in a different Tennessee town. The 61 children in Murfreesboro were assigned to the treatment group with approximately two-thirds probability and the local control group with approximately one-third probability. The 27 children in the distant town formed the distal control group.
The reliance on a distal control group was an unfortunate choice in the experimental design. The two towns were not initially comparable. For example, the distal town had a higher rate of AFDC enrollment.
During the project's data collection phase, trends between the two towns diverged substantially. The local town's population grew almost 25 percent, while the distal town's fell several percent. Educational outcome data also suggest that the local and distal control groups are not interchangeable. Distal control females, for instance, display a significantly higher graduation rate than local control females. I therefore drop the distal control group from my analysis, and retain only those subjects who were truly randomly assigned. This choice results in a treatment group of 43, a control group of 18, and a total sample of 65. Since the treatment and control groups are unbalanced, statistical power is even weaker than the total sample size suggests.
Early Training Project data come from three primary sources: interviews with subjects and parents, program administered tests, and school records. IQ tests were given annually from ages four through eight, and again at ages ten and seventeen. Information on grade retention and high school enrollment comes from school records. Subject interviews provide data on post-high school education status and economic outcomes. No crime data were collected. Attrition rates for most variables are below ten percent; females in particular had virtually no attrition for many variables.
13 Home visits continued for one year after the last summer school session. 14 Pretreatment data on the disqualified children was retained. The random assignment process makes estimation of causal effects straightforward. The primary approach compares treated children (those that received preschool) to untreated children (those that did not) across a wide variety of outcomes. In general, this difference approximates both the effect of the treatment on the treated (ETT) and the intention to treat effect (ITT). The equivalence between ETT and ITT occurs in this case because virtually every child assigned to the preschool group attended preschool, and the programs were not open to children outside the preschool group. In the language of Angrist, Imbens, and Rubin (1996) , almost every member of the sample was a "complier." 16 To conduct inference, I compute Huber-White standard errors that are robust to heteroskedasticity. Although these standard errors are asymptotically consistent, the samples are quite small -some groups contain as few as ten individuals. The Huber-White standard errors may therefore be misleading, particularly since 15 For example, Miller (1992) estimates that on any given day in 1991, 56 percent of African-American males aged 18-35 in Baltimore City were under some form of criminal justice supervision. 16 It is conceivable that some children in the control group attended different preschool programs. However, this is unlikely. The families in these studies were relatively poor, so it would be difficult for most of them to afford private preschool programs. The predominant public preschool program, Head Start, did not begin until 1965, and it was initially a summer program. It therefore cannot have affected results for the Early Training Project, which ended in 1964, or the Perry Preschool Program, which had no summer session. In the latter case, the data show that fewer than 20 percent of Perry children attended Head Start, and these children were distributed fairly evenly between the treatment and control groups. The Abecedarian control children, however, may have received some Head Start schooling. It would be interesting to know whether any Abecedarian control children participated in Head Start, and how their outcomes differed from control children who did not. To my knowledge this information does not exist. the underlying data is distributed non-normally in some cases. 17 To address this concern, I calculate p-values that do not rely on asymptotic theory or distributional assumptions.
Summary Statistics
Instead of a standard t-test, I implement a variant of the non-parametric permutation test (Yucesan, 1995) . This procedure computes the null distribution of the test statistic and requires only three assumptions: random assignment, independence, and no treatment effect. For a given sample size N k , I draw outcomes with replacement, the procedure would be analogous to bootstrapping under the assumption of no treatment effect (Simon, 1997). The procedure diverges from these two techniques because it attempts to reproduce the actual experiment as closely as possible. The procedure samples the outcomes y * i without replacement because the original sample is not a random sample of any larger population. It samples the preschool assignments z * i with replacement because the original assignments were drawn with replacement. 21 The reported p-values are correct for tests conducted in isolation, but they do not address the issue of multiple inference. Because each study examines hundreds of outcomes, some outcomes should display significance even when no effect exists. Furthermore, the small samples ensure that significant results are necessarily of notable magnitude.
I address the issue of multiple inference in three steps. First, to minimize the degree of over-testing, 17 Horowitz (2001) demonstrates that the performance of Huber-White standard errors can be very poor in small samples. Currie and Thomas (1995) and Krueger (2003) explicitly express concerns about the small Perry samples.
18 Since these outcomes are drawn without replacement, and the sample size is N k , in practice I simply use the original vector of yi observations. 19 Formally, I reject the hypothesis that the treatment has any distributional effect. For non-binary outcomes, it is theoretically possible that rejection occurs because treatment affects dispersion without affecting the mean. This seems unlikely. Furthermore, most of the outcomes of interest are binary, and anything that affects the variance of a Bernoulli random variable necessarily affects the mean as well. 20 The , where k indexes outcomes within area j, K ij is the total number of non-missing outcomes for observation i in area j, K ij is the set of non-missing outcomes for observation i in area j, and w k is the outcome weight (weights are normalized to sum to one). I then regress the new variable, s ij , on treatment status to estimate the effect of preschool on area j. Any missing outcomes are ignored when creating s ij . This procedure therefore uses all the available data, but it weights outcomes with fewer missing values more heavily. 25 22 Grouping instead by type of outcome -e.g. academic, social, economic -does not substantially alter the conclusions. 23 Conceptually, it is useful to consider an underlying latent index -e.g., human capital at a given age -that is expressed through multiple measures (e.g., years of education, employment, earnings, criminal record). We want to know whether preschool affects the latent index, but there are two sources of random error to contend with. First, there is error that arises from the random assignment procedure -the latent index will not be perfectly balanced across treatment and control groups in any finite sample. Second, there is random error in each outcome measure -individuals with the same latent index value may realize different values for any given outcome. Summary index tests can reduce the second source of error by combining data from multiple outcome measures. 24 The variable sij is also weighted by the inverse of the outcome covariance matrix; the weight on each outcome is equal to the sum of its row entries in the inverted covariance matrix. This weighting increases efficiency by ensuring that outcomes which are highly correlated with other outcomes receive less weight (or, alternatively, outcomes that represent new information receive more weight). 25 An extreme case illustrates this point. Consider an example in which one outcome is missing data for every single observation. In that case, the outcome never enters into sij for any observation, and does not affect the estimation results. An alternative Each summary index consolidates several individual tests into a single index. However, there are still nine summary tests per gender. I therefore calculate FWE adjusted p-values for all summary index tests. Suppose that K hypotheses, H 1 , H 2 , ..., H K , are tested. The Familywise Error Rate (FWE) is the probability that at least one of the K hypotheses is rejected given that all are true. 26 For summary index tests, the family of tested hypotheses is the set of nine summary index tests performed for each gender.
To adjust for FWE, I implement the free step-down resampling method (Westfall and Young, 1993 ).
This algorithm is more powerful than simpler FWE adjustments, such as the Bonferroni Correction, because it incorporates dependence between outcomes and sequentially removes hypotheses from the family being tested as they are rejected. An example may aid the interpretation of the adjusted p-values. Consider the smallest unadjusted general effect p-value, which occurs for teenage Perry females (Table 4 ). The unadjusted p-value is approximately 0.000. The corresponding adjusted p-value, calculated via the free step-down resampling method for the entire family of female summary tests, is p = 0.003. Suppose we simulate the female data 10,000 times under the null hypothesis of no treatment effect. If we compute an entire set of summary effect p-values for each simulation, then the minimum p-value of that set will be less than or equal to the unadjusted p-value of 0.000 approximately 0.3 percent of the time. For unadjusted p-values that are above the family's minimum p-value, the family of tests effectively decreases. A monotonicity enforcement performed at the end of the procedure ensures that larger unadjusted p-values always correspond to larger adjusted p-values. The code for this procedure is detailed in Appendix B.
Complications
Several complications, analyzed in-depth in Appendix A, threaten the validity of the results. A quick summary of the complications and their resolutions follows.
Attrition is present in all three preschool experiments. If this attrition is caused by treatment status, systematic differences unrelated to the treatment could emerge between the two groups. In these experiments, estimator, detailed in Kling and Liebman (2004) , simultaneously estimates the coefficients for all outcomes in a given area using a seemingly unrelated regressions (SUR) model. The general effect is computed as the mean of the coefficients in that area, and the estimate's variance is calculated using the coefficient variance-covariance matrix from the SUR model. However, this estimator drops an observation if it is missing for any outcome (with no missing outcomes, the two procedures are equivalent). Since neither test is superior on a priori grounds, I experiment with both. They return similar results, except for a few cases in which the SUR estimator is affected by a large number of missing observations. I therefore report results for the summary index estimator. 26 Note that the FWE adjustment is not the same as a joint test of the hypothesis of no effect for any outcome. If a joint test rejects, we can only conclude that at least one null hypothesis is false. If the adjusted p-value rejects, we can conclude that the specific null hypothesis being tested is false. A joint test is generally more powerful, but, when it rejects, the adjusted individual test yields more information. the direction of the induced bias is ambiguous. To address the attrition problem, I impute values for key outcomes among missing individuals and examine "worst case" scenarios. Under reasonable assumptions, these imputations do not qualitatively change the paper's central conclusions.
Another complication is violation of the original random assignment. The most serious case occurred in the Perry Preschool Program; for logistical reasons, several children with working mothers in the treatment group were switched to the control group. Perry researchers did not record the identities of these children.
If children with working mothers perform differently than the average child, these swaps could induce bias.
I address this issue by conditioning outcomes on initial maternal employment status. I also study an entire range of possible switches that could have occurred and examine the sensitivity of the estimates to these switches. Again, the main results are unchanged.
A final complication is the possibility of dependence between observations, or clustering. In these experiments, the possibility of classroom peer effects and the systematic assignment of siblings to identical treatment groups are reasons for concern. If the peer effects or intra-family correlations are strong, the standard errors could be too small. I address the problem by estimating the results on a dataset of classby-year means and by dropping siblings from the sample. The clustering adjustments do not substantially affect key results.
Results

Pre-Teen Outcomes
Preschool significantly raises early IQ scores in all experiments. It also consistently reduces early grade retention and special education placement for females, but has limited effects on grade retention and special education for males. Table 2 reports effects on pre-teen IQ scores. Like all tables in this section, it presents results for both genders. For each gender, the first column reports coefficients and standard errors, the second column reports control group means, the third column reports non-parametric p-values, and the fourth column reports sample size. The last column in each table tests for differences between female and male treatment effects.
All projects demonstrate similar effects on test scores at early ages. In each project, there is a large and significant IQ effect for at least one gender upon completion of preschool. Females continue to display a significant IQ effect at age ten in both the Abecedarian and Early Training Projects. Males, however, experience no significant IQ effect in any project at age ten.
The similarity in early IQ effects across programs occurs despite their differing intensity levels. By age five, the Abecedarian, Perry Preschool, and Early Training programs exposed children to approximately 8,000, 850, and 700 hours of preschool education respectively. 27 Nevertheless, a treatment effect that peaks at roughly ten to fifteen IQ points emerges in all three programs during the preschool years.
The results in Table 3 suggest that the early IQ gains translate into better performance in primary school. 28 neither result approaches significance.
Gender differences in treatment effects emerge by age ten. The female IQ effects at age ten are significantly higher than the male IQ effects in both the Perry and Early Training programs. Females also experience greater drops in grade retention than males in both the Perry and Early Training programs, and the differences approach significance. Most importantly, for every experiment the summary female pre-teen effect is higher than the summary male pre-teen effect; the difference approaches marginal significance in the Perry Preschool Project. 27 Currie and Neidell (2004) present evidence that higher spending increases the effects of Head Start. Although initial differences are minimal, the Early Training Project does have the lowest number of significant long-term outcomes. However, this is partially due to the relatively small samples in the Early Training Project. 28 For Perry Preschool, the grade retention variable may contain some information on teenage grade retention. For the Early Training Project, both the grade retention and special help variables may contain some information from teenage years. For these variables, it was not possible to isolate pre-9th grade outcomes in the data.
Although preschool positively affects pre-teen outcomes, the implications for long-term success are unclear. A short-term IQ gain may not result in any long-term economic benefit, and decreased grade retention at an early age may not affect graduation rates a decade later. For example, Currie and Thomas (1995) and Garces, Thomas, and Currie (2002) conclude that, for African-Americans, Head Start initially boosts test scores but does not have any lasting effect on academic achievement or economic outcomes.
Conversely, diminishing effects on standardized tests may mask improvements in crucial non-cognitive skills that affect earnings and achievement (Heckman and Rubinstein, 2001 ). The next subsections focus on long-term teenage and adult outcomes.
Teenage Outcomes
In the teenage years, early intervention significantly improves high school graduation, employment, and juvenile arrest rates for females. However, it has no significant effect on male outcomes. Table 6 presents program effects on teenage academic outcomes, including IQ scores and high school graduation rates. By age 14, initial IQ effects dissipate in all three programs. Only one IQ coefficient is statistically significant -Abecedarian males at age 15 (p = 0.09) -and in no case does the estimated coefficient exceed five IQ points. However, the negligible IQ effects belie strong gains among females for several important teenage outcomes.
High school graduation effects for females are sizable. Females display increases in high school graduation rates (or decreases in drop out rates) of 23 percentage points in the Abecedarian Project, 49 percentage points in the Perry Preschool Program, and 29 percentage points in the Early Training Project. The Perry result is highly significant (p < 0.001). The Abecedarian and Early Training results achieve or approach marginal significance (p = 0.09 and p = 0.11 respectively). 29 In contrast, the high school graduation effects for males are weak or negative. Graduation rates decline by 10 and 6 percentage points for Abecedarian and Perry males respectively. Early Training males are 10 percentage points less likely to drop out, but the effect is not statistically significant. Table 7 presents results for teenage economic and social outcomes. Females display positive economic effects from preschool as teenagers. In Perry Preschool, treated females have teen unemployment rates that are 31 percentage points lower than untreated females (p = 0.03). Treated females also receive approxi-mately 1,600 dollars less in annual government transfers at 19 (p = 0.04). Early Training females are 13 percentage points more likely to have worked as teens, although the effect is not significant. Males, in comparison, derive no significant economic benefits from preschool during their teenage years. Unemployment among Perry male teens is only 2 percentage points lower. Treated male teens in the Early Training Project are 6 percentage points less likely to have ever worked.
The preschool programs have moderate effects on teen motherhood. Abecedarian females report teen pregnancy rates that are 21 percentage points lower; the effect approaches marginal significance (p = 0.13).
Teen pregnancy rates for Perry females are 19 percentage points lower, but the effect is insignificant. Neither Abecedarian nor Perry males experience a significant decline in the probability of teen parenthood.
Early intervention has a significant effect on female teen criminal behavior. It reduces the probability of a juvenile record by 34 percentage points for Perry females. However, this significant result (p = 0.01)
is not mirrored among males. Perry males demonstrate an insignificant 8 percentage point reduction in the probability of arrest before age 20.
Overall, preschool has a consistent, positive effect on female teen outcomes. Teenage summary effects increase by 0.42, 0.61, and 0.55 respectively for females in the Abecedarian, Perry, and Early Training programs (see Table 4 ). The summary effect is highly significant for Perry females (p < 0.001) and retains significance when adjusted for multiple testing. The summary effect is also significant for Abecedarian females (p < 0.05), but only marginally significant for Early Training females. However, preschool has no significant effect on male teen outcomes. Summary effects increase for males by only 0.16, 0.04, and 0.10 respectively in the Abecedarian, Perry, and Early Training programs. No male summary effect approaches statistical significance.
During the teenage years, it is clear that females benefit more than males from early intervention. The female-male difference in high school graduation effects is significant in the Abecedarian Project (t = 1.80) and the Perry Preschool Program (t = 3.32). Large female-male differences also emerge among Perry teens for effects on unemployment (t = −1.60), criminal behavior (t = −1.54), and government transfers (t = −1.96). At the summary index level, Perry females benefit significantly more than Perry males (t = 3.32).
For the other two experiments, female summary effects are at least 0.25 standard deviations higher than male summary effects, although the differences are not significant. With the exception of Abecedarian IQ test scores, every reported teen effect is more positive for females than for males.
Adult Outcomes
At the adult stage, preschool significantly raises college attendance rates for females and appears to improve female economic outcomes and reduce criminal behavior. The effects for males, however, are weak and inconsistent. There is evidence of a modest positive effect on male economic outcomes, but it is accompanied by evidence of a negative effect on male college attendance and a mixed effect on male criminal behavior. Table 8 reports treatment effects on college attendance. Preschool appears to increase the probability of college attendance for females. Abecedarian females report college attendance rates 29 percentage points higher than their control counterparts. This result is statistically significant (p = 0.02). Perry female college attendance rates increase by 16 percentage points, and Early Training females are 12 percentage points more likely to obtain post-high school education, although neither effect is significant. 30 However, preschool does not appear to increase college attendance for males. Abecedarian males display a 15 percentage point increase in college attendance rates, but the effect is insignificant. Perry males are 1 percentage point less likely to attend college, and Early Training males report dramatically lower rates of post-high school education (49 percentage points lower). 31 The negative effect for Early Training males is highly significant (p = 0.005). 32 Table 9 reports results for adult economic outcomes. Preschool has a weak but positive effect on female economic outcomes. Abecedarian women are 10 percentage points more likely to be employed at age 21.
Perry females are 26 percentage points more likely to be employed at age 27 (p = 0.08). However, this effect disappears by age 40. Perry females earn more at ages 27 and 40 than their control counterparts (approximately 2,600 and 3,500 dollars respectively), but the effects are insignificant. 33 Early Training 30 Post-high school education is defined as college, vocational school, or employer sponsored education/training. For either gender, limiting the outcome to just college attendance produces coefficients of similar magnitude and significance. 31 In cases where there is overlap, my results are similar -but not exactly identical -to the results reported in Gray, et al. (1982) . The discrepancy arises because the dataset that Dr. Gray provided to the Murray Research Center does not exactly match the description of the dataset used in Gray, et al. (1982) . Dr. Gray passed away several years ago, so it is unlikely that we can ever fully resolve these minor discrepancies. 32 The most likely reason for this negative finding is multiple testing. Two other possibilities are attrition bias and negative peer effects. A detailed examination reveals both of these explanations to be unlikely. Further discussion is available from the author upon request. 33 For both females and males, the coefficient on monthly earnings at 27 has a much higher t-statistic than the coefficient on annual earnings at 27. This difference arises because the monthly earnings coefficient is between . There is no a priori reason to believe that one measure is clearly superior to the other. However, the annual earnings measure does have a lower standard deviation than the annualized monthly earnings measure. More importantly, using annual earnings at 27 instead of monthly earnings at 27 produces an estimate that is consistent with the estimated earnings differentials at age 40 using either monthly or annual measures. The implied earnings effect using annual reported earnings at age 27 is 19 percent of the control mean, while the implied earnings effect using monthly reported earnings at age 27 is 59 percent of the control mean. The implied earnings effects using annual and monthly reported earnings at age 40 are 24 and 17 percent of the control means respectively. The reported monthly earnings at age 27 therefore appear females are less likely to receive welfare at age 21, but are also less likely to receive income from work at the same age (neither effect is significant). It is possible that for Abecedarian and Early Training women, potential employment effects at age 21 are masked by increased college attendance rates. In that sense, employment data at a later age would be preferable. However, controlling for college attendance when estimating the employment effect does not appreciably change the coefficients for either program.
For males, there is no consistent evidence that preschool interventions improve long-term economic outcomes. Abecedarian males achieve an employment rate 19 percentage points higher than their untreated counterparts, but Perry males see virtually no effect on employment at age 27. Perry males do report increases in annual earnings of approximately 2,400 and 6,200 dollars at ages 27 and 40 respectively. However, all of these effects are insignificant. Perry males at age 40 experience a positive employment effect of 20 percentage points. This effect approaches statistical significance (p = 0.11). Early Training males, however, are less likely to receive income from work at age 21. There is some evidence that preschool affects marriage rates. 36 At age 27, Perry females have a significantly higher marriage rate than untreated females. The 32 percentage point increase represents a 382 anomalous. Nevertheless, for completeness I take an average of the two measures when calculating the summary index estimator. 34 It is tempting to assume that Abecedarian females experience no significant reduction in non-drug related criminal behavior because their underlying arrest rate is much lower than Perry females. However, this assumption is incorrect, because the Abecedarian data measures convictions while the Perry data measures arrests. Clarke and Campbell (1998) report that 43 percent of the Abecedarian sample have criminal records at age 21. 51 percent of the Perry sample have an arrest record at age 19, so the two numbers are quite comparable, particularly since the Perry sample has a higher proportion of males. Clarke and Campbell find no effect of early intervention on criminal records. 35 This detrimental effect has the highest significance level of any of any major later life outcome measures for Perry males. 36 Perry is the only program to date that surveys participants late enough to collect meaningful marital statistics.
percent rise over the control group's base rate (p < 0.01). 37 Perry males, however, have the same marriage rate at 27 as their control counterparts. 38 Overall, females benefit from early intervention as adults. In the Abecedarian and Perry Preschool programs, females display positive general effects of 0.45 and 0.36 standard deviations respectively (see Table   4 ). 39 Both results are statistically significant (p < 0.01 and p = 0.02 respectively), and the Abecedarian effect is robust to FWE adjustments. However, Early Training females demonstrate no general treatment effect as adults. This could be a result of the Early Training Project's relatively short intervention program, or it could be due to low statistical power.
Unlike females, males demonstrate little evidence of positive treatment effects as adults. Summary effects for Abecedarian and Perry males increase by 0.31 and -0.02 standard deviations respectively. The
Abecedarian result approaches significance, but the Perry result does not. Early Training males experience a decline of 0.65 standard deviations in the adult summary index. This significant decrease (p < 0.05) is primarily driven by low college attendance rates.
Several female treatment effects are significantly higher than corresponding male effects, although the effect heterogeneity is less pronounced than during the teenage years. 40 The female-male treatment effect difference is significant for drug use and marriage among Perry participants (t = −2.07 and t = 2.00) and post-high school education among Early Training participants (t = 2.35). The difference in femalemale summary effects is also significant in the Early Training Project. For drug use and post-high school education, the significance is primarily the result of negative male treatment effects rather than positive female treatment effects. Nevertheless, it still constitutes evidence of greater benefits for females. 41 37 Interestingly, Schweinhart, et al. (2005) show that by age 40 the treated females' marriage rate is only 6 percentage points higher than the control females' rate. Part of the increase is due to divorces in the treatment group, and part is due to marriages in the control group.
38 Again, Schweinhart, et al. (2005) show an interesting twist for males at age 40. Treated males are more likely to be married at age 40, but the entire increase is due to a larger fraction of treated males who have divorced and married multiple times. The fraction of treated males who have only married once is actually slightly lower than the fraction of controls who have only married once. It is unclear whether this pattern should be counted as a "positive" or "negative" effect. 39 The Perry Preschool summary index also includes monthly income. 40 The effect heterogeneity is reduced primarily because of a decline in the general effect size for females. 41 The female coefficients are centered around a higher mean, so even in the face of adverse shocks they do not become negative and significant. The male coefficients, in contrast, are centered around a lower mean, and are more likely to display negative, significant effects simply due to chance.
Discussion
A clear pattern emerges from a detailed examination of preschool treatment effects by gender: females display significant long-term effects from early intervention, while males show weaker and inconsistent effects. 42 Treated females show particularly sharp increases in high school graduation and college attendance rates, but they also demonstrate significant positive effects for economic outcomes, criminal behavior, drug use, and marriage.
In contrast to females, males do not appear to derive lasting benefits from early intervention. No positive, long-term outcome achieves statistical significance for males, although one, employment at age 40 for Perry males, comes close. This aggregate performance is disappointing when considering the number of outcomes tested; even with a minimal treatment effect, positive and significant results are likely to occur several times just by chance. In fact, the only significant, long-term results for key male indicators are negative. Figure 1 presents a visual summary of the female-male treatment effect heterogeneity for long-term outcomes. This figure plots t-statistics for all of the reported teenage and adult coefficients across all experiments. Each point corresponds to the t-statistic for a single outcome, and all outcomes have been recoded so that the positive direction always corresponds to a "better" outcome. The first column of points plots male t-statistics, and the second column plots female t-statistics. It is clear upon visual inspection that the distribution of female t-statistics is centered well above the distribution of male t-statistics.
The third column of points plots a set of male t-statistics generated by randomly assigning treatment status to males. This procedure guarantees that any significant "treatment effects" visible in the column are simply due to chance. The procedure is equivalent to sampling random draws from the t-distribution, except that it preserves the inherent correlation structure between t-statistics within each experiment. 43 To construct this column, I randomly generate a set of treatment assignments and compute the corresponding t-statistics. I then plot these t-statistics.
A comparison of the first and third columns demonstrates that the distribution of male t-statistics is difficult to distinguish from a draw of randomly generated t-statistics. The maximum value in the third column exceeds the maximum value in the first column, but the first column has more t-statistics clustered 42 Several researchers, most recently Heckman (2005) , have noted the possibility of heterogeneous treatment effects by gender in the context of Perry Preschool. However, there has been no statistical analysis of this difference, nor would it be possible to draw any strong conclusions regarding treatment effect heterogeneity by gender from Perry Preschool alone. 43 For example, if the Abecedarian high school graduation t-statistic is large, then it is likely that the Abecedarian college attendance t-statistic will also be large. Therefore, patterns of large or small t-statistics are more likely to occur in this data than would be expected in a set of 29 independently sampled t-statistics. above 1.5. In either column, a case can be made for positive treatment effects by focusing on the subset of outcomes near the top. This fact highlights the importance of correcting for multiple testing.
A formal analysis examines summary index FWE p-values and aggregates all long-term outcomes into a single summary index. In comparison to females, each of the nine male summary index coefficients is lower, often by a large margin. Female general effects attain significance for pre-teen, teenage, and adult outcomes in both the Abecedarian and Perry Preschool programs. 44 With the exception of Abecedarian teens, all of these effects at least approach marginal significance after FWE adjustment. Male general effects attain significance only for Abecedarian pre-teens and Early Training Project adults (the latter effect is negative).
However, after adjusting for multiple testing, only the Early Training Project adult general effect achieves marginal significance.
A summary test that pools all teen outcomes together across experiments finds an overall effect size of 0.53 for females (standard error of 0.14) and 0.08 for males (standard error of 0.19). The gender difference is statistically significant at the 5 percent level. A summary test that pools all adult outcomes together across experiments finds an overall effect size of 0.27 for females (standard error of 0.09) and -0.05 for males (standard error of 0.11). The gender difference is again statistically significant at the 5 percent level. Of course, we can never reject an arbitrarily small effect for males, and precision is limited by the relatively small samples. Perhaps real male effects exist but are masked by the standard errors. Nevertheless, the results indicate that any positive male treatment effect is modest at best.
The reported heterogeneity in treatment effects by gender is consistent with several previous findings in the non-experimental literature. For example, Oden, et al. (2000) report that Head Start participation significantly raises high school graduation rates and lowers arrest rates for females. However, no significant effect is found for males. The results also parallel findings in other areas of the human capital literature. Kling and Liebman (2004) report that the Moving to Opportunity program improves educational outcomes and mental health for females, but appears to have negative effects on male participants. Abadie, Angrist, and Imbens (2002) find that the Job Training Partnership Act (JTPA) significantly increases female earnings at all quantiles, including a 35 percent increase at the lowest quantile. However, the JTPA has no significant effect on males at any quantile below the median, and the proportional effect never exceeds 12 percent.
A variety of explanations can account for the observed gender differentials. Testing these explanations 44 Pre-teen and teenage female general effects are of notable magnitude in the Early Training Project, but do not attain significance because of the limited sample size.
is beyond the scope of this paper and its data. Nevertheless, a quick summary of possibilities is in order.
One likely possibility is that child development differs between boys and girls. Many researchers believe that girls develop faster than boys. For example, a recent longitudinal study of Australian children found that preschool age females outperform their male counterparts in the physical, social/emotional, and learning domains (Australian Institute of Family Studies, 2005) . Evidence is also mounting that education has a greater impact at later stages of development. Fredriksson andÖckert (2005) discover that Swedish children who start school later get more education than their younger peers. This effect is more pronounced for children from weaker socio-economic backgrounds. If additional maturity enhances the effect of schooling, and girls mature faster than boys, then girls should benefit more than boys from early intervention. 45 Disadvantaged females may also experience different obstacles than disadvantaged males, and noncognitive skills developed in preschool might address the obstacles that females face more effectively. A possible example is the role of teen pregnancy in high school dropouts. Males cannot get pregnant, so any effect of preschool on teen pregnancy only benefits females. If teen pregnancy increases the likelihood of dropping out, preschool will have a greater effect on female educational attainment than male educational attainment. However, the data invalidate this particular explanation. Even if pregnancy caused a one-for-one increase in high school dropout status, the observed pregnancy effect still could not explain a majority of the female high school graduation effect. Nevertheless, other differences in obstacles faced by males and females may play important roles.
A third possibility is the existence of a selection effect. "Female" families participating in the program may differ from male families along unobserved dimensions. Gender is typically thought of as randomly assigned, but families with girls may be more or less likely to enroll in preschool programs (the Perry sample, for example, includes significantly more males than females). However, this fact need not invalidate the external validity of the results. If the same selection factors operate in the general population, then the reported female-male differences will be applicable to many preschool programs with voluntary participation.
Finally, recent research has established that students may perform better when taught by teachers of the same gender. For example, Dee (2005) presents evidence that middle school children are perceived as less disruptive and more attentive when the teacher is of the same gender. To my knowledge, all of the preschool 45 Note that this hypothesis need not be inconsistent with the hypothesis that early intervention is more effective than later intervention. Since free public schooling past age 5 is universally available, later interventions are implicitly being performed on the intensive margin. Early interventions, in contrast, are often performed on the extensive margin. It is therefore possible that early interventions might be more effective, even if education is more effective for older children. teachers in each experiment were female. If preschool age children also perform better when taught by adults of the same sex, then we might expect females to benefit more from early intervention than males.
Conclusion
This paper conducts a robust reanalysis of the influential experimental preschool literature. It partially confirms previous findings, presenting strong evidence that females benefit from early intervention. Significant female effects appear in the domains of criminal behavior, marriage, and economic success, but the most consistent improvement is an increase in total years of schooling. These results are robust to reasonable concerns regarding attrition, violation of random assignment, and clustering. Many female results also remain significant after adjusting for multiple inference.
For males, however, there is no evidence of positive, long-term preschool treatment effects. Most coefficients are insignificant, and several of the significant coefficients imply an adverse effect. The overall pattern of male coefficients is consistent with the hypothesis of a minimal treatment effect at best -significant effects go in both directions and appear at a frequency one would expect simply due to chance. 46 The observed differences between female and male treatment effects are significant in a number of cases, particularly with respect to total years of education. The difference in overall long-term female and male summary indices is also significant. However, additional research with new data is necessary to determine the exact magnitude of the female-male treatment effect differential, and to discover whether males derive modest benefits from preschool intervention or no benefits at all.
In the context of the current human capital literature, this paper makes clear several points. Foremost, intensive preschool intervention does positively affect later life outcomes, at least for disadvantaged AfricanAmerican females. However, there is no evidence of strong long-term preschool benefits for males. This fact suggests that investments in early education alone may not dramatically improve opportunities for disadvantaged males. The indicated treatment effect heterogeneity also calls into question the external applicability of these experimental estimates. If treatment effects vary by gender, it is plausible that they may also vary by race or class. Richer variation in sample demographics is necessary for the design of optimal human capital policy. As Hanushek (2003) suggests, financing broader experimental research on human capital investments may well yield the highest return today of any human capital policy. This paper reports significant long-term effects for females in the domains of educational achievement, criminal behavior, marriage, and economic success. The experimental design alleviates concerns about confounding variables, but there remain several issues specific to the individual studies that could cause the treatment and control groups to be systematically different in ways unrelated to the treatment, or cause statistical tests to over-reject. A careful examination of these issues is necessary before long-term effects for females, and the larger body of experimental preschool research in general, can be readily accepted.
The first problem is attrition, which occurs in the Abecedarian Project and the Perry Preschool Program. 47 The second problem is the intentional exchange of children between groups. This issue occurs only in the Perry Preschool Program. The final issue is clustering, or correlation between individual observations, which occurs primarily in the Perry Preschool Program. I find that the key results remain unchanged after accounting for these problems.
A.1 Attrition
Random attrition reduces statistical power but does not cause bias. Non-random attrition is acceptable if it is unrelated to treatment status -it will not induce systematic differences between the treatment and control groups, and estimated effects remain internally valid. 48 Therefore, our only concern is attrition that is caused by assignment status.
Attrition of two types occurs in the preschool experiments. The first type, which I refer to as follow-up attrition, occurs when individuals initially in the sample cannot be located for follow-up interviews, testing, or records collection. The second type, which I refer to as pre-treatment attrition, arises when individuals drop out after receiving their assignment but before entering the sample. In practice, the first type often 47 Only one female is missing for most Early Training Project results. There is no documented evidence of attrition occurring after the random assignment but before data collection. Because attrition is almost non-existent in this study, and because the study found few significant effects to begin with, no attrition analysis is performed for the Early Training Project.
48 Non-random attrition of this type can still affect the external validity of estimated treatment effects, but this caveat applies to all studies whose participants are not randomly drawn from the relevant population. receives more attention than the second, perhaps because the missing data is readily apparent. Nevertheless, the two types are fundamentally similar.
If attrition is present, the direction of bias it produces is ambiguous. Most of the pre-treatment attrition occurs among children assigned to the treatment groups. In this case, we might expect a positive bias if families that care least about education are the ones refusing treatment. 49 Follow-up attrition affects both treated and control children. The leading causes of follow-up attrition are death and inability to locate the subject. Signing this bias with certainty is infeasible. However, it is notable that more control children died than treated children. If control children who die are especially poor or disadvantaged, attrition from death would attenuate a positive treatment effect. If successful subjects are likely to move out of state, then attrition from movement would also attenuate a positive treatment effect. We therefore might expect follow-up attrition to exert a negative bias. We cannot accurately guess the direction of the overall bias.
A.1.1 Abecedarian
The Abecedarian Project lost eleven children to pre-treatment attrition. Seven treatment group families and one control group family withdrew upon receiving their group assignments. Two control group children received preschool treatment due to medical conditions requiring close supervision; these children are not present in the dataset. An additional seven children were lost to follow-up attrition for most outcomes. One treatment male, one treatment female, and two control females died early in life. Three additional subjects are not present for various reasons: one treatment female had a seizure disorder, one control female withdrew for family related matters, and one treatment female declined to participate in the age 21 interview. 50 Table 11 reports estimates for key outcomes under a variety of attrition assumptions. The analysis focuses on females, because males suffer less attrition and demonstrate no significant effects. 51 Columns (1) and (2) focus on follow-up attrition only. Of the six missing females, four dropped out for medical reasons unlikely to be affected by treatment status (three deaths and one seizure disorder). 52 The analysis 49 On the other hand, it is possible that some treatment families pulled their children out because they felt they could offer a better experience at home. Depending on the characteristics of these families, this explanation could lead to a negative bias. 50 The information regarding attrition comes from Campbell, et al. (2002) , Clarke and Campbell (1998), Campbell and Ramey (1994) , and Ramey, Yeates, and Short (1984) . 51 Under extreme assumptions regarding missing values, some results for males could attain marginal significance. Such results would not constitute compelling evidence of a male treatment effect.
52 All of these deaths occurred at an early age -generally less than one year. One might hypothesize that preschool affects infant death rates, particularly those resulting from accidents or infectious diseases. CDC data indicates that the magnitude of this effect would be trivial. Of the top causes of black postneonatal death in 1979 -which account for almost 70 percent of total black postneonatal deaths -preschool attendance could only affect accidents, homicide, pneumonia, bronchitis, viral infections, and meningitis to a significant degree. These causes account for only 19 percent of postneonatal deaths (Hoyert, Kochanek, and therefore explores imputations for the two females that specifically chose not to participate in follow-up surveys. 53 Column (1) assigns the missing treated female the 25th percentile of each variable and the missing control female the 75th percentile of each variable (for all variables, higher percentiles correspond to "better" outcomes). Column (2) assigns the missing treated female the 10th percentile of each variable and the missing control female the 90th percentile of each variable. In both columns, the two significant outcomes -college attendance and marijuana use -remain significant.
Columns (3) through (6) address both follow-up and pre-treatment attrition. Column (3) assigns missing values as follows: the missing follow-up treated subject receives the 25th percentile for each variable, the missing follow-up control subject receives the 75th percentile for each variable, four of the missing pretreatment treated subjects receive the 25th percentile for each variable, and two of the missing pre-treatment control subjects receive the 75th percentile for each variable. 54 Column (4) is identical to column (3) except that the missing follow-up subjects are assigned the 10th and 90th percentiles respectively. Column (5) is identical to column (4) except that the missing pre-treatment subjects are assigned the 10th and 90th percentiles respectively. Column (6) implements the "worst case" scenario: all attrition is assumed nonrandom, all missing subjects are assumed female unless otherwise identified, all missing treated subjects are assigned the 10th percentile values, and all missing control subjects are assigned the 90th percentile values.
The worst case scenario assigns values to a total of seventeen missing subjects.
The results in columns (3) through (6) demonstrate that some Abecedarian effects retain significance under all but extreme assumptions about missing values. Both college attendance and marijuana use remain significant in columns (3) and (4). These variables lose significance in column (5), when six missing pre-treatment subjects are assigned values at the 10th and 90th percentiles of the distribution. The coefficients approach zero in column (6) under the worst case scenario; however, the assumptions underlying this scenario are implausible. Murphy, 1999) . Even if preschool induced a 50 percent change in death rates from these causes, total death rates would change by only 9.5 percent. The death rates in the actual sample match this prediction: two treatment group and two control group children died. Of course, it is theoretically possible that preschool could prevent some deaths and cause others, so dramatic effects for particular causes could be masked at the aggregate level. This seems unlikely. 53 There is no high school graduation information for one additional treated female. Therefore, relative to the other results, the high school graduation results assign values for one additional treated female. 54 A total of seven treated subjects and four control subjects are missing from pre-treatment attrition. I do not have information on their genders, so in the base case I assign genders to the missing pre-treatment subjects based on the gender distribution of the non-missing sample.
A.1.2 Perry
The Perry Preschool Project lost five children to pre-treatment attrition. Four treatment group children moved away before completing preschool, and one control group child died (Schweinhart, et al., 2005) .
None of these children entered the dataset. However, for several key measures, there is no follow-up attrition. Table 12 presents estimates for key outcomes under three sets of assumptions. As with Abecedarian, the analysis focuses on females. The pre-treatment attrition in Perry is plausibly independent of treatment status. 80 percent of the pre-treatment attrition occurred when four treatment children moved away before completing the program. No control child moved away during the same period, and it is doubtful that the offer of free schooling would make a family more likely to leave the area. This attrition is therefore unlikely to be related to treatment status. An additional control child died at an early age and was not included in the sample. This death is unlikely to be the result of treatment status. 55
Columns (1) and (2) in Table 12 address follow-up attrition only. Since marital status, high school graduation status, and government transfer data are available for all individuals, the reported coefficients for these variables are identical to the original results. Column (1) assigns missing treated subjects the 25th percentile of each variable conditional on high school graduation status. It assigns missing control subjects the 75th percentile of each variable conditional on high school graduation status. 56 All variables remain significant in column (1). Column (2) is identical to column (1) except that the 25th and 75th percentiles are replaced with the 10th and 90th percentiles respectively. Every variable except employment remains significant. Column (3) implements the "worst case" scenario. For variables with follow-up attrition, column (3) assigns missing treated subjects the 10th percentile of each variable conditional on high school graduation status and missing control subjects the 90th percentile of each variable conditional on high school graduation status. The four treated subjects that moved away are assumed to be female and assigned the 10th percentile of each variable. The one dead control subject is assumed to be female and assigned the 90th percentile of each variable. This worst case scenario eliminates the significance of most variables. However, the high school graduation effect remains significant despite the extreme assumptions underlying this scenario. 55 Please see the note in Section A.1.1 regarding attrition due to death. 56 This procedure leverages information contained in the complete high school graduation data for predictive purposes.
A.2 Violation of Random Assignment
For the most part, families complied with their initial group assignments. Those that refused were generally dropped from the data, as described in Section A.1. However, in the Perry Preschool Project, several children with working mothers were exchanged with select control group children. Two of these switches may have occurred without replacement. The exchanges were made because the employed mothers could not accommodate the program's weekly home visits. Replacement children were purportedly matched on initial IQ, but confounding may still occur because maternal presence at an early age could affect later outcomes.
In no case did the Perry researchers record original assignment status. This fact precludes the use of an instrumental variables approach, so I perform alternative tests to gauge the impact of these violations.
First, I condition on initial maternal employment status. However, five children with employed mothers were not transfered from the treatment group. Conditioning upon maternal employment status is therefore insufficient, because children with employed mothers who switched may differ in important ways from those with employed mothers who stayed. Furthermore, conditioning on maternal employment does not account for the control children who were exchanged to the treatment group. If these children were matched with the maternal employment children, they may differ from the average child in expectation. To address these issues, I examine a range of possible group assignments and the corresponding coefficient estimates.
The first two columns of Table 13 present results for key outcomes for both genders controlling for the effect of maternal employment at entry. These results do not differ markedly from the original estimates. In fact, the coefficients are of slightly greater magnitude after controlling for maternal employment. All female effects remain significant, and one male effect -lifetime arrests at 27 -achieves marginal significance.
I conduct further analysis for key female outcomes under the assumption that four treatment children with employed mothers were switched with four control children without employed mothers. Records indicate that either two or five children with employed mothers switched from the treatment group, but probability estimates indicate that the number could have been as high as eight (Schweinhart, et al., 2005) . There is no record of the gender distribution of exchanges. However, the data suggest that approximately three females switched from the treatment group, since there are nine control females with employed mothers as compared to three treated females with employed mothers. The assumption that four treated females were exchanged is therefore likely to overestimate the total number of female exchanges. The exchange analysis examines every possible combination of switches that swaps four treated females with employed mothers for four control females without employed mothers. The number of possible combinations totals 921,600. For each combination, I estimate the treatment effect for six key outcomes using instrumental variables. The hypothesized original group assignment serves as the instrument.
Because each individual carries an entire set of outcomes, it is meaningless to tabulate the resulting t-statistics in isolation. In order to compare different combinations of exchanges, I construct an average tstatistic for each combination equal to the mean of the six estimated t-statistics. 57 I then rank combinations according to their average t-statistics.
The last five columns of Table 13 report female results for different quantiles of the average t-statistic.
The first column presents results at the median of the distribution, the second at the 25th quantile, the third at the 10th quantile, the fourth at the 1st quantile, and the fifth at the distribution's minimum value. At the median, the coefficients are of similar magnitude to the original OLS results, but the standard errors have increased because the instrument is not perfectly correlated with treatment status. Consequently, some results are insignificant, but the two arrest variables and the graduation variable remain significant. At the 10th quantile, the graduation and arrest outcomes attain marginal significance. At the bottom of the distribution they are all insignificant. However, these quantiles are identified ex post. When the Perry researchers chose which control individuals to exchange with treated individuals, they could only guess at future outcomes.
Even if the researchers tried make exchanges that would benefit the treatment group and hurt the control group (an implausible assumption), it is unlikely they could achieve that goal to as great a degree as implied in the 10th or 1st quantile columns. The last three columns of Table 13 therefore correspond to very extreme assumptions, but even in the 1st quantile column one coefficient remains statistically significant. It is therefore unlikely that exchanges based on maternal employment status drive the significance of the results.
A.3 Clustering
The p-values presented in Section (4) are robust to distributional assumptions. 58 Nevertheless, clustering issues could bias the standard errors, causing conventional tests to overstate the significance of the results, particularly in the case of the Perry Preschool Project.
It is well established that clustering -or correlation across observations -can severely inflate test statistics 57 When constructing the average t-statistic, I reverse the sign on the two arrest t-statistics and the government transfer t-statistic, so that positive t-statistics always correspond to "better" outcomes.
58 These p-values do not differ markedly from the p-values generated by conventional t-tests, so standard OLS t-tests are presented for the remaining results.
if not properly accounted for (Bertrand, Duflo, and Mullainathan, 2004) . In these experiments, there are two possible sources of interdependence that could be correlated within treatment status groups. 59 First, peer or class effects might lead to correlations between students within a given preschool class. 60 Second, the automatic assignment of younger siblings to the same treatment group as their older siblings reduces the number of independent observations. Previous research has demonstrated that negative peer effects can lower class achievement (for example, Figlio, 2005) . It is therefore plausible that a poorly behaved child may reduce the performance of her preschool peers, implying an intra-class correlation. 61 Furthermore, within each class the treatment variable is perfectly correlated. The standard errors could therefore be too small because children within each class are mistakenly treated as independent observations. To address this problem, I collapse the data down to cohort-by-treatment status means. For the Perry females, with five cohorts and two treatment statuses, this procedure reduces the dataset to ten observations. I estimate an OLS regression using these ten observations. The first row of Table 14 presents the results.
Despite the small sample, five of the six key variables remain statistically significant. 62 The only outcome that loses significance is the employment variable. I cannot run a similar regression for the Abecedarian children as I do not have their cohort identification data, but the Perry analysis suggest that intra-class clustering does not drive the significance of the results.
Another clustering problem arises from the assignment of younger siblings to the same treatment status as their older siblings. Performance is almost surely correlated within families, and this assignment mechanism guarantees that treatment status is also correlated within families. To address this problem, I restrict the sample to eldest siblings and only children. For Perry females, this restriction decreases the sample size from 51 to 37. The results for Perry females are reported in the second row of Table 14. All presented outcomes remain strongly significant. In the Abecedarian program, the sample contains only two sibling pairs, so an older sibling analysis is unnecessary. 59 Inflation only occurs when there is a similar correlation structure in both the dependent and independent variables. For example, the fact that cohorts might face similar shocks will not bias the standard errors because treatment status is randomly assigned within a given cohort.
60 Angrist and Lang (2004) , for example, find evidence of negative peer effects in the Boston METCO program. 61 Peer effects may operate more strongly for poorly behaved children than for well behaved children. In that case, they will tend to reduce the estimated effect. However, this is not a source of coefficient bias, since it is a direct consequence of the preschool program. Rather, it only effects the external validity of the results when applied to different demographic groups.
62 Donald and Lang (2001) argue that t-statistics can be misleading when the number of groups -in this case, cohort-by-treatment status units -is small, because common shocks may not be normally distributed. However, for these results I conducted simulations drawing common group effects from a distribution with all its probability weight at the tails. These simulations did not generate poorly distributed t-statistics.
A final clustering issue is the possibility of teacher effects. 63 Individual level data on teacher assignment is not available. However, Perry Preschool employed ten teachers, the Early Training Project employed two teachers and several assistants, and the Abecedarian Project employed multiple teachers (the exact number is unclear). It is therefore unlikely that the observed effects are the result of one or two stellar teachers. Table 5 for the components of each summary index. 
Notes:
Parentheses contain robust standard errors. CM refers to control mean. Sample size varies within experiments due to attrition for some variables. P-values are computed as described in Section (3); t-statistics test the difference between female and male treatment effects. 
Parentheses contain robust standard errors. CM refers to control mean. Sample size varies within experiments due to attrition for some variables. P-values are computed as described in Section (3); t-statistics test the difference between female and male treatment effects. Notes: WM = Working Mothers. Results under alternative assumptions are estimated using hypothesized group assignment as an instrument for treatment status. Parentheses contain OLS standard errors when controlling for working mothers, and IV standard errors when examining results under alternative assumptions about the working mother swaps. Sample size varies within columns due to attrition for some variables. 
Appendix Tables
B Stata Pseudo-Code
Sample Stata code for the free step-down resampling algorithm follows. Some code has been changed to improve readability and would not run as literally written. This code is adapted from Algorithm 2.8 in Westfall and Young (1993) . 
